Voxel-based analysis (VBA) is commonly used for statistical analysis of image data, including the detection of significant signal differences between groups. Typically, images are co-registered and then smoothed with an isotropic Gaussian kernel to compensate for image misregistration, to improve the signal-to-noise ratio (SNR), to reduce the number of multiple comparisons, and to apply random field theory. Problems with typical implementations of VBA include poor tissue specificity from image misregistration and smoothing. In this study, we developed a new tissue-specific, smoothing-compensated (T-SPOON) method for the VBA of diffusion tensor imaging (DTI) data with improved tissue specificity and compensation for image misregistration and smoothing. When compared with conventional VBA methods, the T-SPOON method introduced substantially less errors in the normalized and smoothed DTI maps. Another confound of the conventional DTI-VBA is that it is difficult to differentiate between differences in morphometry and DTI measures that describe tissue microstructure. T-SPOON VBA decreased the effects of differential morphometry in the DTI VBA studies. T-SPOON and conventional VBA were applied to a DTI study of white matter in autism. T-SPOON VBA results were found to be more consistent with region of interest (ROI) measurements in the corpus callosum and temporal lobe regions. The T-SPOON method may be also applicable to other quantitative imaging maps such as T1 or T2 relaxometry, magnetization transfer, or PET tracer maps.
Introduction
Diffusion tensor imaging (DTI) is a non-invasive imaging method for assessing the characteristics of tissue microstructure (Basser et al., 1994) . DTI is very sensitive to changes in tissue microstructure changes, and thus is highly applicable to a broad spectrum of clinical and research applications. DTI data are acquired by measuring the apparent diffusivities in six or more non-collinear directions (Basser et al., 1994) , and yield complex multi-variate measures of the diffusion tensor that describe the magnitude (trace and eigenvalues), the anisotropy (such as fractional anisotropy -FA), and the orientation (eigenvectors) of the apparent diffusivities. Measures of diffusion anisotropy, like FA, are small in gray matter (GM) and cerebral spinal fluid (CSF), reflecting nearly isotropic tensors, and are often much higher and heterogeneous in white matter (WM) (e.g., Alexander et al., 2007b) . In general, the direction of greatest diffusivity within a voxel is assumed to be parallel to the predominant direction of the WM fiber bundles. FA in WM is likely to be modulated by a range of microstructural factors including myelination, axonal size and density, gliosis, neoplasia, edema and inflammation. However, FA is also modulated by partial volume averaging between WM and other tissues (GM and CSF) and intersecting fiber bundles at oblique angles (Alexander et al., 2001a) . This heterogeneity in WM diffusion anisotropy necessitates the use of anatomically localized measurements for the analysis of DTI data.
There are several approaches for obtaining anatomically localized measurements in DTI data. Manual region-of-interest (ROI) methods are appropriate for testing anatomically-specific hypotheses when the structure is easily defined (e.g., Alexander et al., 2007a; Bonekamp et al., 2007; Charlton et al., 2006; Gupta et al., 2006) . Similarly, tractography methods have been used for extracting WM tractspecific regions for DTI analysis Kanaan et al., 2006; Berman et al., 2005) . Since ROI methods are usually applied in the original image space, the measurements are unaltered by additional image processing. However, ROI approaches including both manual tracing and tractography may introduce user selection biases and can suffer from poor consistency. Another widely used statistical image analysis approach is voxel-based analysis (VBA), which spatially normalizes (co-registers) the brain images across subjects and performs statistical tests at each voxel. The advantages of VBA are that it is highly reproducible, user-independent (for a specific algorithm), and it can explore differences over the entire brain without anatomically specific hypotheses. Potential limitations of VBA include poor image co-registration and weak statistical power from the large number voxels being tested. Despite these limitations, VBA has been widely used for DTI studies (e.g., Hubl et al., 2004; Park et al., 2004; Tuch et al., 2005; Kumra et al., 2005; Snook et al., 2007; Xu et al., 2007; Albrecht et al., 2007; Borroni et al., 2007; Ardekani et al., 2007) .
VBA methods for DTI data are not standardized, although most studies follow a procedure of spatial normalization, followed by spatial smoothing, voxel-based statistical testing, and statistical parametric mapping (SPM). Although advanced nonrigid image warping methods have been described for DTI VBA that reduce anatomical variability between subjects (Alexander et al., 2001b; Xu et al., 2003; Park et al., 2003; Zhang et al., 2006; Ashtari et al., 2007) , these methods are not currently widely available for DTI analyses. Several DTI VBA studies reported using affine transformations for spatial normalization, which are widely available (e.g., AIR (Woods et al., 1998) , FLIRT (Jenkinson and Smith, 2001 ) and SPM (Ashburner and Friston, 1999) ), simple to implement, and generate anatomically similar maps in appearance (Jones et al., 2002; Tuch et al., 2005; Salat et al., 2005; Jones et al., 2005; Whitcher et al., 2007; DaSilva et al., 2007) . Other studies have used nonlinear transformations in SPM (e.g., Barnea-Goraly et al., 2003 Chappell et al., 2006; Snook et al., 2007) to improve the spatial normalization, although residual misregistration has been reported in the corpus callosum and near the cortex (Snook et al., 2007) . Higher dimensional spatial normalization methods with elastic warping and large-scale diffeomorphic transformations have also been applied to DTI data and appear to have much higher spatial correspondence of white matter structures from different subjects (e.g., Park et al., 2003 Park et al., , 2004 Zhang et al., 2006; Ashtari et al., 2007; Ardekani et al., 2007) . Regardless of the spatial transformation method, image warping can introduce additional partial volume averaging and smoothing into the image data sets, and may alter the distribution of the DTI measures in a region. Additionally, consistent differences in anatomical morphology can lead to misregistration errors that manifest as apparent differences in the DTI measurements. For example, FA and WM maps are similar, thus it is possible that statistically significant differences in the FA maps given by VBA may be caused by morphologic differences in the WM. Similarly, CSF and mean diffusivity (MD) maps are highly correlated, which makes MD differences around regions with CSF difficult to differentiate from morphology.
Spatial smoothing is a common step in VBA. The purpose of smoothing is multi-fold: (1) to reduce the effects of anatomic misregistration from poor spatial normalization, (2) to reduce noise and signal variations, and (3) to reduce the effective number of multiple comparisons in the statistical testing thus improving statistical power. However, spatial smoothing greatly increases the partial volume averaging of the DTI data. This means that signals from GM, WM, and CSF will be mixed together prior to the statistical comparison and statistically significant differences may arise from signals in any of the compartments in a region. Problems with partial volume averaging may be reduced by segmenting tissue types or regions prior to smoothing (e.g., Albrecht et al., 2007; Grieve et al., 2007; Xu et al., 2007) . Smoothing will subsequently cause the signals to blur near the edges of structures, which may result in systematic biases in the spatially blurred maps. For example, the FA values in WM will be reduced after blurring. The blurring bias will increase for either smaller structures or larger smoothing kernels.
This study addresses some of the potential problems with previous VBA studies by implementing a slightly modified VBA method. The first step is to segment the image data into tissue types -GM, WM and CSF -prior to spatial normalization to minimize further partial volume averaging and improve tissue specificity of the DTI measurements. The DTI maps and tissue masks are then spatially normalized to a brain template. Spatial smoothing is then applied to all normalized maps including the masks. Since the effects of spatial transformation and smoothing will be identical in all images including the processed DTI maps and WM mask, the effects of the spatial smoothing are compensated by dividing the smoothed DTI maps by the smoothed mask (also called the tissue density in voxel-based morphometry (Paus et al., 1999) ). After all the image sets are processed in this manner, they are masked by a WM template that is defined by the average normalized WM mask at the 20% level. Statistical testing and parametric mapping are subsequently applied. This VBA procedure is called tissue-specific, smoothing-compensated (T-SPOON) VBA. Our prediction is that T-SPOON VBA will minimize the effects of partial volume averaging during the VBA processing. Also, since the effects of smoothing are compensated, the DTI measures in the normalized maps are more similar to those in the original data. Further, the smoothing compensation reduces the potential confound of the morphological differences.
In this study, the effects of T-SPOON processing were compared against conventional VBA both with and without prior WM segmentation. Specifically, the effect of spatial smoothing on the DTI maps was investigated. The VBA methods were also evaluated in a DTI study comparing measurements in autism versus typically developing controls. The VBA results were compared against published results obtained using manual ROIs in the corpus callosum and temporal lobe (Alexander et al., 2007a; Lee et al., 2007) .
Methods

Subjects
DTI data from 77 male subjects were used in this study including 43 subjects with high functioning autism spectrum disorders [38 autism, 5 PDD-NOS (pervasive developmental disorder -not otherwise specified), mean age = 16.23 years, standard deviation = 6.70] and 34 control subjects matched for age (mean age 16.44, S.D. 5.97), handedness, IQ, and head size. More details about the subjects and related assessments are described in Alexander et al., (2007a) .
DTI
DTI data were acquired on a Siemens Trio 3.0 Tesla Scanner with an 8-channel, receive-only head coil. DTI was performed using a singleshot, spin-echo, EPI pulse sequence and SENSE parallel imaging (undersampling factor of 2). Diffusion-weighted images were acquired in twelve non-collinear diffusion encoding directions with diffusion weighting factor b = 1000 s/mm 2 in addition to a single reference image (b 0). Data acquisition parameters included the following: contiguous (no-gap) fifty 2.5 mm thick axial slices with an acquisition matrix of 128x128 over a FOV of 256 mm, 4 averages, repetition time (TR) = 7000 ms, and echo time (TE) = 84 ms. Two-dimensional gradient echo images with two different echo times of 7 ms and 10 ms were obtained prior to the DTI acquisition for correcting distortions related to magnetic field inhomogeneities.
Eddy current related distortion and head motion of each data set were corrected using an affine automatic image registration program (AIR, http://bishopw.loni.ucla.edu/AIR5/) and distortions from field inhomogeneities were corrected using custom software algorithms based upon the field map method described by Jezzard and Balaban (1995) . Distortion-corrected DW images were interpolated to 2 × 2 × 2 mm 3 voxels and the six tensor elements were calculated using a multivariate log-linear regression method (Basser et al., 1994) . Then the tensor was diagonalized to estimate the three eigenvectors and the corresponding eigenvalues. Maps of the DTI FA and MD were subsequently calculated (Basser and Pierpaoli, 1996) .
White matter segmentation
To minimize the effects of partial voluming between different tissue types, the white matter (WM) was first segmented using the mFAST algorithm (Zhang et al., 2001) in the FMRIB software library (http://www.fmrib.ox.ac.uk/fsl/). The segmentation algorithm was based upon a hidden Markov random field model and the expectation-maximization algorithm. The major (λ1) and minor eigenvalues (λ3) were used for the input channels in the FAST to generate the segmented WM maps. These two inputs appeared to be more robust and give more consistent segmentation results than any other combination of DTI measures. The binary WM mask was subsequently used to extract WM only maps of FA, MD and the three eigenvalues. WM voxels that bordered CSF appeared hyperintense in the MD maps, so voxels with MD values more than two standard deviations above the average MD for all cerebral WM were removed from the analysis. This approach minimized the effects of partial volume averaging artifacts that can be introduced during the subsequent spatial normalization and smoothing.
Template creation
The DTI data from a 16 year old control subject was used as an initial template data set. The segmented FA map for this subject was normalized to the MNI-152 white matter prior probability map using an affine transformation and mutual information for a cost function with 2 mm isotropic resolution over a 91x109x91 matrix. The FA maps for the other 76 subjects were spatially normalized to the single subject template set using a 12-parameter affine transformation with FLIRT (http://www.fmrib.ox.ac.uk/fsl/). The normalized FA maps were then averaged to create an average FA template.
Normalization
The FA maps for each subject were again spatially normalized to the average FA template using a 12-parameter affine transformation with FLIRT (http://www.fmrib.ox.ac.uk/fsl/). This secondary normalization step reduced the potential bias issues of using a single subject template. The same affine transformation was then applied to (a) the whole-brain (unsegmented) DTI maps (FA, MD, and eigenvalues), (b) the WM-segmented DTI maps, and (c) the binary WM mask maps. Trilinear interpolation was used to remap the image data in the normalized space. Normalized WM masks from all subjects were averaged to provide underlay images for display. The average WM mask was thresholded at the 20% level to restrict our results to probable WM regions in the normalized space.
Spatial smoothing
Isotropic Gaussian smoothing was applied to all the normalized image data (segmented and unsegmented). The smoothed, unsegmented maps are referred to as the 'UNSEG' datasets. The smoothed, segmented maps are referred to as the 'SEG' datasets.
Smoothing compensation
T-SPOON datasets were generated by dividing the SEG DTI maps by the SEG WM mask. Since the smoothed WM masks have the same blurring as the normalized and smoothed DTI maps, the division will make the smoothed data have values more similar to the original data set. The entire process is depicted in Fig. 1 .
Smoothing compensation was also investigated as a function of the smoothing kernel size. Adverse smoothing effects were evaluated using a root mean squared error (RMSE) measure, which was defined as the root mean squared difference between signals in the smoothed VBA data and in the original unsmoothed data. This evaluation was performed for a single FA map with a range of Gaussian smoothing kernel widths (2-16 mm). The RMSE over the entire WM was investigated as a function of smoothing kernel width for all three VBA methods (SEG, UNSEG, and T-SPOON).
White matter voxel-based morphometry
The effects of morphometry on the VBA results were evaluated by performing voxel-based morphometry (VBM) analysis on the WM masks. The approach is similar to that described in the original VBM paper by Ashburner and Friston (2000) . The WM density maps for each subject were defined by the smoothed, normalized WM masks. The effects of T-SPOON smoothing compensation on VBM were also evaluated by dividing the smoothed WM masks by the same map. We hypothesize that, at least within the average WM mask volume, the smoothing compensation will remove the morphologic edge effects that will confound standard VBA methods. Voxel-based statistical testing was performed on the WM density maps (described in next sub-section).
Multi-subject statistics -application to autism
Results from voxel-based ANCOVA between autism and control groups were used to compare different VBA methods as well as the results of WM VBM. Age was used as a covariate. Gaussian smoothing kernel sizes between 0 mm (no smoothing) and 16 mm were investigated. Statistical analyses were performed using the software package FMRISTAT (http://www.math.mcgill.ca/keith/fmristat/). Analyses were restricted to regions in the average WM mask that were above the 20% threshold. The specific statistical threshold was varied depending upon the specific evaluation being performed.
Results
Quantitative assessment of individual subject data for smoothing compensation of T-SPOON
The effects of smoothing on FA maps processed using UNSEG, SEG and T-SPOON methods are illustrated in Fig. 2a . These maps show the RMSE between FA values in the smoothed maps and original map. As expected, both the SEG and UNSEG methods show considerable errors, particularly at the interfaces with other tissues, with the SEG map being the worst. Conversely, T-SPOON processing introduces the least RMSE with increased smoothing. Inspection of the error maps not only demonstrates that the errors are larger in the SEG and UNSEG maps, but the amount of error is quite heterogeneous over the WM, which may adversely affect the statistical analysis. The T-SPOON map errors are largest in heterogeneous WM regions (e.g., near the cingulum bundles and corpus callosum, and in the centrum semiovale in Fig 2a) , which is an issue for any smoothing method as fine details will be 'washed out'. However, it is also obvious, that the T-SPOON errors in these regions are smaller than the other approaches. The average RMSE of smoothed FA maps versus smoothing kernel size within all WM voxels in the brain is plotted in Fig. 2b . Fig. 2c shows a toy simulation of a narrow rotated signal phantom both with and without T-SPOON. In this simple example, the signal interpolation following phantom rotation by 45°causes a large drop in the signal intensities. The original signal levels are nearly restored following T-SPOON correction. From both of human brain FA data and the simulation, it is clear that T-SPOON introduces the least error. Note that smoothing will introduce some error regardless of whether or not it is specific to WM since the FA is heterogeneous. Investigation of errors in the other maps (e.g., MD and eigenvalues) shows similar error patterns although the SEG method is much worse than the other two approaches (data not shown). The worse performance for the SEG method is caused by the increased partial volume effects between WM and zero signal, which is larger than the signal differences between WM and either GM or CSF.
The effects of morphology on VBA
A voxel-based autism versus control group comparison of FA and MD maps was performed using ANCOVA with age as a co-variate. The statistically significant areas are shown in Fig. 3 and Fig. 4 . The color bars represent the range of t-values. Voxel-based morphometry (VBM) was also performed using the WM masks for both the SEG and T-SPOON methods. An 8 mm smoothing kernel was used, and the statistical maps were thresholded using an uncorrected p b 0.05. This low statistical threshold was used to demonstrate the potential confounds of VBA associated with morphology, and not for specific interpretation. Close inspection of the FA SEG and WM SEG VBM maps demonstrates similar regions of significant signal difference in both sets of analyses. These results suggest that the observed FA differences may be caused by either the morphology or the inherent FA of the tissue in the region. The T-SPOON and UNSEG data show more diffuse regions of FA group differences than the SEG map although some of the regions correspond to the WM SEG VBM regions. The T-SPOON analysis of WM VBM does not show any significant differences in morphometry after the smoothing correction is performed, thus it is not a significant confound in the FA T-SPOON results. Note that many of the significantly different regions are similar for both T-SPOON and either UNSEG or SEG FA analyses, yet it was unclear whether the FA map differences with SEG or UNSEG were caused by the morphometry effect.
Effects of the smoothing kernel width
The effects of the smoothing kernel width were examined for a range between 0 mm and 16 mm. The results for UNSEG and T-SPOON analyses are shown in Fig. 5 as well as the results from WM VBM with the same smoothing kernels for a single coronal slice in the middle of the brain. Many of the significant UNSEG FA regions are also significant for the UNSEG WM VBM results (Figs. 5a and b) , thus the confounding effects of morphology cannot be ruled out. The T-SPOON FA results show similar regions to the UNSEG FA analysis; however, the confounding effects of morphology have been removed (bottom row Figs. 5a and b) . In this case a smoothing kernel of 10 mm or more appears to show significant effects in nearly all the same areas for T-SPOON FA VBA except in the bilateral cingulum bundles in the temporal lobe. Significant group FA differences in the bilateral temporal stem were only observed with at least 10 mm of smoothing. The effects of smoothing on MD VBA are shown in Figs. 5c and d. A few regions of significant morphologic effects are observed although the extent does not closely match the MD VBA results. The UNSEG MD and T-SPOON MD VBA analyses both show extensive regions of group differences with some similarities. One important difference is that the UNSEG MD VBA is not significant in the corpus callosum except for very large smoothing kernels. In contrast, the T-SPOON MD VBA shows significant group differences in corpus callosum with 4 mm of smoothing or more, and also shows more extensive group differences in temporal lobe and temporal cingulum bundle regions.
Evaluation of Gaussian residuals
The evaluation and interpretation of voxel-based statistical testing is most straightforward when the samples are normally distributed with respect to the statistical model. The Bera-Jarque hypothesis test of composite normality of the residuals from the voxelwise ANCOVA for FA and MD is mapped in Fig. 6 (a and b, respectively) for a range of different smoothing kernel sizes (0 to 16 mm). The UNSEG and SEG VBA of FA show similar regions with non-Gaussian residuals and do not appear to improve much with larger smoothing kernels. In contrast, the extent of non-Gaussian residuals does significantly reduce with more smoothing for T-SPOON FA VBA. The non-Gaussian residuals are much more extensive in the MD VBA studies and again smoothing does not reduce this effect much for the UNSEG MD VBA. T-SPOON with some smoothing does appear to reduce the amount of non-Gaussian residuals. One potential reason that T-SPOON appears effective in reducing the non-Gaussian residuals is that the correction effectively normalizes the signal intensities of blurred data. While smoothing decreases the effects of misregistration, the signals in the tails of the smoothing kernel are much less than at the center. T-SPOON compensates for the signals at the tails of the smoothing kernel.
Group comparison results with different VBA approaches Fig. 7 contains maps of statistically significant differences for FA and MD for both the UNSEG and T-SPOON methods. A 10 mm Gaussian smoothing kernel was used. To reduce the effects associated with multiple comparisons, a False Discovery Rate (FDR) threshold of 0.025 was used in combination with cluster extent criterion of p b 0.05. The color bars in Fig. 7 represent the range of t-values. The highlighted regions demonstrate significantly decreased FA and increased MD in the autism group. There were no regions of significantly increased FA or decreased MD in the autism group. The FA results appear similar for both UNSEG and T-SPOON and include regions of the corpus callosum and bilateral superior temporal gyrus which were shown to be significantly different using region-of-interest measurements (Alexander et al., 2007a; Lee et al., 2007) and in addition, anterior cingulate WM. The MD statistical map showed more diffuse regions of group differences in the T-SPOON map. Again, statistically significant differences were observed in the corpus callosum, superior temporal gyrus, and temporal stem, which are consistent with analyses obtained using ROI methods (Alexander et al., 2007a; Lee et al., 2007) . In addition, the T-SPOON analysis of MD data showed significant group differences in the thalamic, orbito-frontal, dorso-medial frontal, posterior cingulate, and occipital WM. Group analysis of the SEG Fig. 3 . Effects of WM morphology on FA group differences. The smoothing kernel width was 8 mm and the statistical threshold was an uncorrected p b 0.05. The color corresponds to the t-statistic level. The three VBA approaches show similar regions with statistically significant decreased FA in autism although the effects are larger for the UNSEG and T-SPOON analyses. A voxel-based morphometry (VBM) study of the WM masks from the same data (WM SEG results) demonstrated reduced WM densities in the autism group in some of the same areas that were statistically significant in the FA VBA results. This makes it difficult to assess whether the VBA differences indicate effects from FA or morphology. The T-SPOON processing removed the WM morphometry effects, so the results are less ambiguous (see WM T-SPOON results). data for either FA or MD did not reveal any regions with statistically significant differences. The analyses were also repeated without age as a covariate and the results were similar. Given the broad age range of subjects in this study, we decided to present the data with age as a co-variate to reduce effects from age related changes. Detailed future studies will be necessary to better characterize the age related changes of DTI measures in autism and compare those against other developmental groups.
Correlations with processing speed in autism
In a recent study of DTI in the corpus callosum in these subjects (Alexander et al. 2007a ), a speed of processing behavioral measure based on the Wechsler Processing Speed Index (Digit Symbol-Coding and Symbol Search subtests) was found to be positively correlated with FA (significant in the genu: p = 0.014) and negatively correlated with MD (significant in total corpus callosum: p = 0.027; splenium: p = 0.032; and approaching significance in the genu and the body) in a group of 21 autistic subjects. A voxel-based correlation analysis of the same autistic subjects and the Wechsler Processing Speed Index was performed using each of the VBA methods. A statistical threshold of p b 0.05 (uncorrected) was used to assess statistical significance. The SEG method did not reveal any significant correlations. Fig. 8 summarizes the FA and MD VBA results in a mid-sagittal section of the corpus callosum for both UNSEG and T-SPOON VBA. The T-SPOON method, but not UNSEG VBA revealed negative correlations between processing speed and MD in diffuse corpus callosum regions, which was consistent with the previously published results (Alexander et al., 2007a) . T-SPOON VBA of FA versus processing speed also showed significant correlations in the genu, which was also consistent with the published ROI results (Alexander et al., 2007a) ; however, the UNSEG VBA did not demonstrate significant differences in this region. Conversely, both UNSEG and T-SPOON VBA methods also found significant focal regions in the body of the corpus callosum in the FA versus processing speed test, which were not observed in the published study (Alexander et al., 2007a ).
Discussion
In this paper, we describe a correction method, T-SPOON, for reducing the partial volume effects of image registration and smoothing on DTI voxel based analyses. The method uses a region mask, in this case WM, to generate maps of the partial volume effects so that the data values will be renormalized after the smoothing operation. An investigation of the effects of smoothing on voxel-based analysis methods demonstrated that T-SPOON resulted in the least change in the actual image values. This means that smoothed images processed with T-SPOON will have intensity values more similar to the original data in the native space. This will not necessarily be the case for images processed using smoothed, segmented (SEG) or smoothed, unsegmented (UNSEG) methods since the smoothing will mix the signals from both within and outside the region. In this study, we specifically examined total cerebral WM, which was segmented from other tissues. The approach will be equally applicable to other tissues (e.g., GM, although this will have higher inherent partial volume effects with CSF near the cortex), regions or image contrasts. For example, the technique would be applicable to a restricted anatomical region like the corpus callosum which could be segmented for all subjects and spatially normalized. Furthermore, T-SPOON would also be applicable to other quantitative image contrasts like T1 or T2 relaxometry maps or PET tracer studies.
It should be noted that the results are dependent upon the region segmentation, particularly if the measurements are heterogeneous. In this study, we used eigenvalue maps of λ1 and λ3 to segment WM. This appeared to generate maps that were consistent with known WM although this was not rigorously evaluated. One obvious 'problem' region in the segmentation was the thalamus, which contains axons and is more similar to WM than other GM regions. Portions of the thalamus were often segmented and included in the WM. Other segmentation approaches could also be employed including the use of a co-registered T1-weighted image or other structural images for segmentation. Obviously, this requires the DTI study to be exactly registered with the structural images. It should be noted that brain image segmentation is always somewhat problematic since there is no gold standard. Regardless, improvements to image segmentation and more anatomically specific segmentation will further improve the results generated using T-SPOON.
The T-SPOON approach mitigates the effects of morphologic effects caused by anatomic misregistration. For example, a WM mask and an FA map appear quite similar, thus significant differences may be caused by either differences in morphology or FA particularly at the edges of the WM mask. The combination of blurring and correction with T-SPOON greatly reduces the local effects of morphologic differences, particularly when the normalized WM template mask is used. For example, if the WM is consistently narrower in one group, but the FA values are nearly identical, standard methods may detect significant differences in FA caused by the differences in morphology. The smoothing compensation of T-SPOON will remove the morphologic effects in this case, which will yield a null result. However, the method does not completely eliminate the effects of image misregistration, particularly if the image values in a region are heterogeneous. For example, if structure A (high FA WM region) for one group consistently overlapped with structure B (low FA WM region) for the other group, then that may yield a false difference. Conversely, if the signals in a region or across regions are uniform, then more misregistration could be tolerated. One potential weakness with the study is the use of affine spatial normalization, which has limited accuracy of anatomic co-localization. Recent development of advanced image registration algorithms including nonlinear warping approaches should improve the anatomical correspondence of normalized DTI data, which will likely improve multi-subject VBA Fig. 7 . Group comparisons (autism versus controls) of FA and MD data. The smoothing kernel width was 10 mm. False positive errors from multiple comparisons were reduced using an FDR b 0.025 and a cluster extent criterion of p b 0.05. The SEG VBA results were not statistically significant for either FA or MD at the threshold that was used in this figure. Group comparisons found significantly reduced FA for both UNSEG and T-SPOON VBA in the superior temporal gyrus WM, the thalamus and the corpus callosum. The temporal stems were only detected by T-SPOON VBA The autism group showed significantly increased MD in both the UNSEG and T-SPOON VBA maps. Of particular interest, the T-SPOON method found large group differences in the corpus callosum (consistent with Alexander et al., 2007a ) also in the temporal stems, whereas the UNSEG method did not. Otherwise both UNSEG and T-SPOON demonstrated similar regions of significant differences. Colored arrows point to red: thalamus; pink: corpus callosum; blue: temporal stem; white: superior temporal gyrus white matter. Fig. 8 . Correlation maps of the processing speed index versus MD and FA in the mid-sagittal plane of the corpus callosum in a group of 21 autistic subjects. Significant positive correlations with FA were observed in the body for both T-SPOON and UNSEG VBA; whereas the T-SPOON also showed a region in the genu. Significant negative correlations with MD were observed in several corpus callosum regions using the T-SPOON method, but were not observed for the UNSEG method. The SEG VBA method did not reveal any significant correlations. (Alexander et al., 2001b; Xu et al., 2003; Park et al., 2003; Ardekani et al., 2004; Zhang et al., 2006; Ashtari et al., 2007; Avants et al., 2007) . However, there are no standard nonlinear warping methods and they are not currently widely available. Even in the case of perfect anatomic registration, spatial interpolation from image normalization and spatial smoothing will introduce partial volume averaging in the normalized data, which may be compensated using T-SPOON.
The primary validation for our current study is the comparison of results from our published regional data (Alexander et al., 2007a; Lee et al., 2007) . In those studies, significant differences were observed in the corpus callosum as well as temporal lobe WM regions (superior temporal gyrus WM and temporal stem). The T-SPOON VBA of MD and FA showed significant group differences in all of these regions. Furthermore, voxelbased correlation analysis between DTI measures and processing speed data in 21 autism subjects with T-SPOON VBA showed statistically significant correlations in the corpus callosum. One of the main applications of VBA is to perform exploratory analyses of group data; therefore, it is reassuring that the T-SPOON VBA of DTI data showed consistent regions of statistical significance to previous region-specific analyses.
Direct comparisons between region-of-interest and VBA of DTI data have only been performed in a limited number of studies. Snook et al. compared manual ROI analysis with VBA using SPM (Snook et al., 2007) . In their study, they concluded that the ROI analysis and VBA methods resulted in comparable findings, however, potential problems of the methods included the limitations of spatial normalization in VBA (particularly in the splenium of the corpus callosum) and massive averaging effects with the manual ROI analysis. Manual ROI validation was also noted in the paper (Kubicki et al., 2002) . After VBA, the significant clusters may be inversely transformed to the native data for each subject for confirmatory ROI analysis. This would enable both the validation of the measurements in the original data space and the anatomical consistency of the regional measurements.
In this study, we explored the effects of the smoothing kernel size (0-16 mm) on the statistical maps for T-SPOON, UNSEG and SEG methods. It is known to have significant effects on the results of VBA of DTI data (Jones et al., 2005) . For all smoothing kernel sizes, significant differences were not observed for the SEG method suggesting that this is not a good approach for VBA. Larger clusters were often observed with less smoothing using T-SPOON (i.e., MD and FA with 4 mm smoothing). In general, the regions of significant differences using T-SPOON did not change much as the smoothing kernel was increased above 10 mm. T-SPOON is likely to demonstrate similar behavior with smoothing which would predict that the optimum filter kernel width should be similar to the expected extent of the signal difference (e.g., the matched filter principle). Smoothing can be useful for decreasing the signal variance in a region from poor SNR; however, it can also smooth out critical features like a lesion or a small WM tract, which is clearly undesirable. In particular, smoothing may obscure regional differences in WM FA, which can be quite heterogeneous. The problems of oversmoothing are similar to any region-of-interest based analysis method as VBA is essentially a method for evaluating many regions-of-interest simultaneously. Smoothing also decreases the effective dimensionality of an image which is helpful for reducing the number of multiple comparisons in statistical testing, thereby increasing statistical power. Note that T-SPOON does not alter smoothed signals deep within large regions. It only compensates for the effects of smoothing near region boundaries. Thus, blurred regions with heterogeneous FA will suffer from decreased anatomical specificity. Smoothing will extend signals outside the WM mask boundaries, which may appear undesirable. However, the T-SPOON smoothing compensation will make the smoothed WM signals outside the original WM boundary similar to those within the WM region. Another important consideration for the smoothing kernel width is the expected amount of anatomical misregistration. If anatomical structures are accurately co-registered, then less smoothing may be required. However, in cases of poor registration, larger smoothing kernels are necessary to guarantee the overlap of specific structures. The obvious cost of increased smoothing is a reduction of anatomic specificity as large smoothing kernels increase the likelihood that multiple structures are included in the kernel width. In our study the UNSEG and T-SPOON methods demonstrated similar spatial patterns of group differences, though there were important differences. The T-SPOON MD results show significant differences in the corpus callosum with as little as 2 mm of smoothing, whereas at least 10 mm so smoothing were necessary for the UNSEG VBA and the differences were not as significant.
The statistical testing was limited to regions in the average WM map template with a 20% threshold, which was selected arbitrarily. The main effect of this thresholding was to reduce the spurious effects at the edges of the WM and more importantly to reduce the effects of multiple comparisons. The threshold could have been increased further, which would increase statistical power at the expense of losing finer WM structures, particularly at the brain periphery.
The smoothing compensation in T-SPOON bears some similarities to a VBA approach recently proposed by Oakes et al., (2007) , which Fig. 9 . Group comparisons (autism versus controls) of FA and MD data using the covariate method (Vox-cov) and T-SPOON. The smoothing kernel width was 8 mm. False positive errors from multiple comparisons were reduced using an FDR b 0.025 and a cluster extent criterion of p b 0.05. The covariate method VBA results were not statistically significant for FA at the threshold that was used in this figure. The results of the MD group comparison were similar between two methods. includes the tissue probability map (in this case, the smoothed WM mask) as a covariate in the general linear model (GLM). The main difference is that the co-variate approach weights the smoothed data according to the partial volume effects in the statistical analysis, whereas the T-SPOON method compensates for the smoothing prior to statistical analysis and therefore the compared images should have values more similar to the original data. The results using T-SPOON were compared against those from the covariate method (see Fig. 9 ). The results of the MD group comparison were similar between the covariate method and the T-SPOON approach; however, the FA group comparison did not show any significant differences using the covariate method, whereas T-SPOON showed significant differences in the corpus callosum, superior temporal white matter, and ventral prefrontal white matter regions. Thus, the T-SPOON FA tests were more consistent with previously published studies using ROI based approaches (Alexander et al., 2007a; Lee et al., 2007) . Lowering the statistical threshold from FDR b 0.025 to FDR b 0.05 yielded more similar group FA difference maps between the covariate and T-SPOON approaches. Thus, we believe that including the tissue probability map in the model decreases the degrees of freedom which weaken the statistical power of the analysis although the covariate method is still effective for removing the partial volume effects from normalization and smoothing.
The application of VBA for the analysis of DTI image data has been viewed by many as being somewhat controversial for many of the reasons that have been discussed above (registration, segmentation, partial volume effects, morphometry confounds, etc.). The issues of VBA are nicely illustrated in a recent study by Jones et al. (2007) , which compared VBA results of the same data by several research groups who analyzed the data using different VBA approaches with differences in the spatial normalization method, the spatial filter size, the statistical testing (parametric versus nonparametric) and statistical thresholds. Similarly, the results of this study demonstrated inconsistency between different VBA methods. The T-SPOON method described in this paper will reduce the effects of spatial smoothing that result from spatial normalization and Gaussian kernel smoothing. However, T-SPOON does not completely resolve all of the analysis protocol differences discussed in the Jones study. Further improvements to algorithms for image co-registration and segmentation of DTI data will likely improve VBA. The selection criteria for statistical testing methods and thresholding are important considerations which will influence the interpretation of the results. Regardless of the VBA method, the analysis should be viewed as exploratory and careful validation is recommended. Furthermore, even if a region is not found significant using VBA, a more detailed analysis using anatomically specific ROIs will be more sensitive and may detect differences that are missed using VBA.
Recently, alternative strategies to whole brain DTI analysis have been proposed including Tract Based Spatial Statistics (TBSS - Smith et al., 2006) , tractography based segmentation (e.g., Xue et al., 1999 , Conturo et al., 1999 Basser et al., 2000; Lazar et al., 2003; Pagani et al., 2005; Jones et al., 2006; Wakana et al., 2007) , and white matter templates (Mori et al., 2008) . All of these approaches attempt to address the tissue specificity problem of VBA. The TBSS and tractography based approaches generally minimize the amount of spatial blurring that can be problematic with VBA methods. TBSS does this by creating a skeleton of tissues with high FA from normalized DTI data (Smith et al., 2006) . The skeletons are then mapped back to the native DTI data for each subject and the DTI measurements are projected onto the skeleton. The skeleton approach is useful for defining WM regions with similar FA and will minimize the blurring of different tissues within the WM mask. The skeleton also reduces the number of multiple comparisons, which improves statistical power. The challenges with TBSS are related to the correspondence of the skeleton to specific WM anatomy, and how the data are projected onto the skeleton. WM tractography has also been applied to extract specific WM regions for quantitative analyses. Tractography offers the ability to obtain subject-specific tract regions-of-interest; however it is also prone to errors in the tensor orientation and crossing white matter fibers. Template based approaches are promising for extracting specific tissue regions; however, they require accurate coregistration between the template and the images being analyzed. A comparison of T-SPOON with these approaches, although potentially interesting, is beyond the scope of the current study.
In this study, we used a set of well-characterized DTI data comparing the microstructural properties of subjects with autism with age-and IQ-matched healthy controls. The main objective was to see if the observations in our previous region-of-interest studies of this data (Alexander et al., 2007a; Lee et al., 2007) were consistent with the results from a voxel-based analysis. It is clear that both the T-SPOON VBA and the UNSEG VBA resulted in significant regions that were similar to those that we explored with our previous hypothesis driven ROI studies. However, it is clear that although the T-SPOON and UNSEG results are similar, they are not identical. Even in the regions where the results are similar, T-SPOON removes the potential confounds of differential morphometry, which is critical for interpreting whether the group differences are caused by the DTI measures or the morphologic attributes of the brains and co-registration. These results suggested that both T-SPOON and UNSEG VBA were sensitive enough to identify regions that should be explored in further detail.
To date only a few other DTI studies of autism have been reported (Barnea-Goraly et al., 2004; Keller et al., 2007) . Barnea-Goraly et al. (2004) performed a voxel-based group comparison study of FA in a small sample (7 children with autism and 9 controls) and reported decreased FA in autism for ventromedial prefrontal, anterior cingulate, corpus callosum, temporoparietal, superior temporal gyrus, temporal lobe and occipitotemporal regions. Keller et al. (2007) in a larger sample (34 autism and 31 controls -ages 10-35) found autism related reductions of FA in anterior cingulate, mid-body of the corpus callosum, right prefrontal, and right temporal-occipital regions. Our T-SPOON FA results show some similar region to these studies (corpus callosum, bilateral superior temporal gyrus WM, anterior cingulate regions) although there are differences in the results. The differences between the study results may be attributed to differences in the sample populations and analysis methods. Regardless, all of these studies implicate specific WM regions that warrant more detailed study. It is clear from the T-SPOON VBA results of the MD data in Fig. 7 that extensive WM regions may be implicated in autism. A more detailed analysis of autism DTI data described in the present study is being performed and will be the focus of a future publication.
Conclusions
The partial volume effects of spatial normalization and isotropic Gaussian kernel smoothing may be compensated in VBA by using a regional mask with the same smoothing parameters applied. The VBA of DTI data using T-SPOON generally appeared to be consistent with the statistical analysis of DTI data extracted from anatomical ROIs in the corpus callosum and temporal lobes. Future developments will focus on more accurate and robust anatomical registration and image region segmentation methods. Disclaimer: The project described was supported by Grant Number RO1 MH080826 from the National Institutes Of Mental Health. The content is solely the responsibility of the authors and does not necessarily represent the official views of the National Institutes Of Mental Health or National Institutes of Health.
